The district of Howrah is one of the most highly industrialized districts in West Bengal, India. Howrah City continues to suffer from poor ambient air quality due to the dense siting of small scale industries without air pollution management, huge traffic congestion and high levels of human settlement. This paper presents the trends of air pollution concentration (O 3 , CO, SO 2 , NO 2 , and PM 10 ) in Howrah City, and also demonstrates a new methodology for air quality assessment using an AHP coupled fuzzy pattern recognition model. . There was no uniform trend observed in the annual the eighthour average concentration of ozone. An approach was developed in this study to determine fuzzy air quality based on the observed air pollution concentration. This will help to identify the air pollution control measures that are required in a certain area. The proposed method is a multi-pollutant aggregation method with varying weighting, and has the capability to consider subjective factors like sensitivity and population density. The concentrations of the five air pollutant parameters (O 3 , CO, SO 2 , NO 2 , and PM 10 ) were used to develop the model for air quality assessment.
INTRODUCTION
Ambient air quality has been given continuous attention in the whole world for many years and air pollution not only affects human health, but also restricts the city's economic development. Worldwide, many cities continuously assess air quality using monitoring networks designed to measure and record air pollution concentrations at several points deemed to represent exposure of the population to these pollutants.There has been an increasing used by national and international agencies to inform environmental policies, and quantification of the impact of air pollution on public health has gradually become a critical component in policy discussions as governments weigh options for the control of pollution. Because of the health effects associated with these conditions it is of great interest to characterize the status of air quality for several pollutants such as O 3 , CO, SO 2 , NO 2 , particulate matter, etc.Although most of the countries in the world designed guidelines for the measurement methods for various pollutants, there are differences among the national monitoring system in terms of types and number of monitored pollutants. The purpose of such monitoring is several fold -to identify the locations of maximum air pollutant concentrations (Harrison et al., 1998; Bladauf et al., 2001 Bladauf et al., , 2002 , to compare measured values against guidelines or standards, to assess the success or otherwise of pollution reduction strategies and to monitor medium and long-term trends, among others. The monitoring data (pollutant concentrations) conveyed to the public through periodic reports that include concentration time series, and a comparison of the measured values for each pollutant against the applicable guideline. The practice of risk assessment is evolving away from a focus on the potential of a single pollutant in one environmental medium towards integrated assessments involving suites of pollutants in several media that may cause a variety of adverse effect on humans, plants, animals, or even effects on ecological systems and their processes and functions (USEPA, 1997). Baldauf et al. (2002) proposed risk assessment method for establishing air quality monitoring networks based on maximum concentration impacts or maximum total population.
Current research indicates that guideline values cannot be regarded as threshold values below which a zero adverse response may be expected (Koenig and Mar, 2000; WHO, 2000a; Gent et al., 2003) . Therefore, the simplistic comparison of measured values against guidelines may mislead unless appropriately quantified. Thus, a more sophisticated tool has been developed to communicate the health risk of ambient concentrations by using an air pollution (or air quality, AQI) index (API). Various air quality indices have been developed to integrate air quality variables worldwide (ORAQI, 1970; USEPA, 1976; Ontario, 1991; GVAQI, 1997; Malaysia, 1997; UK, 1998; USEPA, 1998) but most of the methods have different characteristics not only with the type of aggregation but also with the number and type of pollutants. Bishoi et al. (2009) proposed an approach for AQI based on factor analysis. The proposed index was obtained as a function of the first three principal components of the observed concentration matrix and had no relation to the health of people. A multi-pollutant index was proposed by Cogliani in 2001. The index was based only on the hourly highest concentrations in a day of NO 2 , CO and O 3 . A multi-pollutant index based on the combined levels of three pollutants, PM; SO 2 ; NO 2 , respecting WHO guidelines for air quality, was also presented by Gurjar et al. (2008) . A completely different approach was presented by Cairncross et al. (2007) in 2007 for communicating the air pollution health risk. Khanna (2000) proposed an index of pollution based on the epidemiological dose-response function associated with each pollutant, together with the welfare loss due to pollution exposure. Swamee and Tyagi (1999) reported the concepts of ''ambiguity'' and ''eclipsicity'', which was originally introduced by Ott in 1978 . Lagona (2005 and Chiu et al. (2007) had proposed an approach for determining air pollution index by means of the latent factors of a Hidden Markov Model.
Fuzzy logic is also applied by many researchers for air quality assessment. It allows processing semantics of natural language in these science branches. The main characteristics of natural language semantics is its uncertainty. Uncertainty in fuzzy sets theory can be quantified (Zadeh, 1978; Lee, 1990) . Sadiq and Tesfamariam (2009) proposed the concept of intuitionist fuzzy set was applied to handle both vagueness and ambiguity related uncertainties in the environmental decision-making process. Fisher (2003) illustrated that the use of fuzzy sets formalizes the underlying uncertainty and therefore leads to better decision making. Li et al. (2008) proposed an integrated fuzzy-stochastic modelling approach for quantifying uncertainties associated with both source/ medium conditions and evaluation criteria and thus assessing air pollution risks. Hajek and Olej (2009) presented a design of AQIs based on tree/cascade hierarchical fuzzy inference systems.
The objective of this work is to develop a fuzzy synthetic evaluation (FSE) coupled analytical hierarchical process (AHP) model for conducting the air pollution cumulative risk assessment associated with multi-source and multifactor under uncertainty. The developed model will be applied for air quality assessment in Howrah city, West Bengal, India. To demonstrate the application, common air pollutants like PM 10 , SO 2 , CO, O 3 and NO 2 were considered for determination of fuzzy air quality index. Since different air pollutants have varying in health impacts and hence the weights of air pollutants considered in determination of air quality index were different. The weighting of air pollutant parameters was determined using analytical hierarchical process (AHP).
STUDY AREA
Howrah is an industrial city situated on west bank of the Hoogli River in West Bengal. India. Air pollution monitoring station at Howrah city is shown in Fig. 1 Table  1 also clearly reveals that the fluctuation of SO 2 , NO 2 and O 3 concentration during the observed years, which has increased continuously as the standard deviation value has been increased. But there was no uniform trend in variation (standard deviation) for PM 10 and CO concentration.
Meteorological factors play an important role in variations of air pollution concentration, particularly in pollutant transport irrespective of their entry into the environment. The seasonal windrose diagrams of the monitoring location are represented in Figs 0<=WS<1: Calm Zone 0 <= ws < 1 1 <= ws < 2 2 <= ws < 3 3 <= ws < 4 4 <= ws < 5 5 <=ws < 6 >=6 (e) (f)
Fig. 3. (continued).
facilitate more stability to atmosphere and consequently slow dispersion of pollutants generated and helps in buildup of pollutants in vicinity of the pollutant sources. As a result the mixing of the pollutants in summer months was high in comparison to that of the winter months. Again, the variation in pollution concentration may be due to the transport of the pollution away from the sources with the influence of wind movement. Fig. 1 clearly indicates that most of the small scale industries are situated in the north and south of the air pollution monitoring location. The seasonal wind-rose depicts that the prevailing wind direction is from the Northwest (NW) sectors during winter season in each of the three observed years whereas the predominant direction was towards SE during summer and monsoon seasons. Thus there is little influence in pollution concentration in monitoring location due to transport of pollutants away from the sources. Besides this, the monsoons result in large amount of precipitation to lower atmospheric pollution via associated wet deposition processes.
DEVELOPMENT OF FUZZY PATTERN RECOGNITION MODEL
In this work, fuzzy pattern recognition model was developed on the basis of the breakpoint concentration level of pollutants assigned in United States Environmental Protection Agency (USEPA, 2006) air quality index guideline for reporting daily air quality Index. The Air Quality Index 0<=WS<1: Calm Zone 0 <= ws < 1 1 <= ws < 2 2 <= ws < 3 3 <= ws < 4 4 <= ws < 5 5 <=ws < 6 >=6 (AQI) was divided into five levels (Good: 0-50; Moderate: 50-100; Unhealthy for Sensitive Groups: 101-150; Unhealthy: 151-200; Very unhealthy: 201-300; and Hazardous: 301-500) with a yardstick that runs from 0 to 500. Lower AQI value represents good air quality whereas the higher AQI value represents poor air quality. Thus the higher AQI value is having greater health concern. The present model is demonstrated with only five criteria pollutants, namely, PM 10 , SO 2 , CO, O 3 and NO 2 due to limitations in data availability. The USEPA AQI system is based on the maximum operator function [AQI = Max (AQI 1 , AQI 2 …, AQI n )]. That is, there is no aggregation of multi-pollutant in the existing system and hence no synergistic effects represented in the AQI. AQI values and their corresponding pollution concentration range with respect to above mentioned five pollutants are represented in Table 2 .
Based on Table 2 , the concentration intervals were set as classifying representative values (e i ) in fuzzy pattern recognition model. Since the model was developed for the air quality assessment of a residential/commercial zone and thus the benchmark (p i ) values were considered according to the permissible value for residential/commercial zone (CPCB, New Delhi, 2009). Six risk classes ('Clean air', 'Good', 'Unhealthy for sensitive people', 'Unhealthy', 'Very unhealthy' and 'Hazardous') were defined to represent air quality index in the model. The classifying representative concentrations for the first class (e 1 -e 2 ) are 0-0.034 ppm, 0-0 ppm, 0-54 µg/m 3 , 0-4.4 ppm and 0-0.059 ppm respectively for SO 2 , NO 2 , PM 10 , CO and O 3 (defined as Clean air class) whereas the same for the last class (e 6 -e 7 ) are 0.604- Table 3 .
Here a new fuzzy pattern recognition model is proposed for air quality assessment. Based on the above classifying representative values new fuzzy air quality index (FAQI) classes were developed for the evaluation of air quality status in the monitoring location. The standards range of fuzzy air quality index (FAQI) was determined on the basis of benchmark values (p i ) defined in Table 3 . Evaluation of air quality impact can be regarded as identification of the level to which a monitoring location belongs. So it is actually a pattern recognition problem. Each of the pollutants considered in the model has varying health impacts and hence their relative weights are also different. The weights of the pollutant parameters were determined using analytical hierarchical process (AHP) as explained in the next section. Based on Table 3 , the standard value matrix concentrations, Y i,h is formed as: Here Y i,h is standard value of level h with regard to factor i; i = 1, 2, 3, 4, 5 denotes five air pollutants SO 2 , NO 2 , PM 10 , CO and O 3 respectively and h = 1, 2…7 denotes number of standard levels of concentration of these air pollutants to determine criteria for air quality assessment.
Membership degree of Y i,h with regard to zero pollutant concentration is S i,h can be computed using Eq. (1) as:
In the above equation, Y i,7 and Y i,1 represents the concentration values of the last level (seventh level) and first level as given in the S i,h matrix. Calculation of S i,h value using standard value matrix, Y i,h , gave membership degree matrix, S i,h , of standard values. This will reflect continuous transition of harmful ability of pollutant which varies from 0 to 1. By using above equation, the relative membership degree matrix S can be derived as: 
Similarly, air pollution monitoring data (24/8 hours average air pollution concentration) of pollutants can be represented in matrix, X. If the number of samples (24/8 hours average air pollution concentration) for air quality assessment are n and the number of air pollutant parameters reflecting the air quality are m (five in this case), the concentration matrix (X) for the samples can be written as: 
 
In the above matrix, x i,j is air pollution concentration value of j th pollutant parameter of i th sample. The relative membership degree (r i,j ) of air pollution concentration value of j th pollutant parameter of i th sample can be determined by Eq. (2) as given below:
The membership degree (r i,j ) for a sample having pollution concentration (x i,j ) less than that of the concentration level 1 (i.e., x i,j < y i,1 ) is zero.
Similarly, the membership degree (r i,j ) for a sample having concentration (x i,j ) higher than that of the concentration level 7 (i.e., x i,j > y i,7 ) is one.
By using above equation, the relative membership degree matrix R can be derived as: 
where r i,j is the relative membership degree of j th pollutant parameter (j = 1, 2, ...m) of i th sample (i = 1, 2, …n). Here m is equal to five as the model considered only five air pollutant parameters. In matrix R, if r i,j = 1, the alternative i is the worst and if r i,j = 0, the alternative i is the best according to the standard matrix S defined above.Supposing that there is a best alternative in which all the m pollutant's membership degrees are equal to 0, denoted by G = (g1,  g2, . .., gm) = (0, 0, ..., 0), the worst alternative is expressed as B = (b 1 , b 2 , ..., b m ) = (1, 1, ..., 1) . In this case, the decisionmaking problem becomes a fuzzy pattern recognition problem, i.e., evaluating to class of the membership degree each alternative in matrix R. In matrix R, alternative i can be expressed as represented in Eq. (3)
The distance of sample i to level h can be described by Eq. (4).
In Eq. (4), p is a distance parameter. For p = 1, the distance is called Hamming distance and p = 2, the distance is called Euclidean distance, which are commonly used for degree of differences in impact. W j is the relative weights of j th air pollutant parameter. This is determined using analytical hierarchical process (AHP). This is explained in detail in the next section. In the view of fuzzy sets, the membership degree u i,h may be regarded as weight for distance d i,h . The synthetic weight distance will better describe the differences in air pollution impacts of i th sample (existing condition) from h th level (standard level defined). The weighted distance (D i,h ) to level h of sample i, determined by Eq. (5) as:
where u i,h is membership degree of i th sample belonging to h th level; i = 1, 2, 3, …, n, and h = 1, 2, …, 7. According to fuzzy set theory, u i,h is subjected to the following constraint as represented in Eq. (6):
In order to determine the value of u i,h , the following objective function is established:
Using the Eqs. (6) and (7), the following Lagrange function can be derived:
where λ i is Langrange's multiplier. Setting the partial derivatives of the Langrange function with respect to each and equal to zero, respectively, i.e.,
It follows that the formula for calculating the membership degree of sample i belonging to level h is:
when d i,k = 0, i.e., r i,j = s i,j , it means that sample i completely belongs to level h, so
The membership degree matrix of each sample i belonging to each level can be represented by matrix 'U' as follows:
Eq. (13) is actually a 7 level fuzzy pattern recognition model, where h = 1, 2, ...., 7. This will give the membership degree matrix of each sample belonging to each level is sample is as follow. 
In the above matrix, i represent number of sample (n) and h represent number of level.
The row vector:
Thus the membership degree matrix (Us) for standard value matrix Sis as follow: 
Above membership degree matrix (Us) clearly reveals that the pollutants concentration in each level of the standard value matrix S exactly belongs to the level , that is, when i = h, r i,h = S i,h and hence u i,h = 1.
However, the evaluation level of a sample cannot be determined directly in the matrix, so the rank feature value is defined to solve the problem. Express the distribution of the membership degree of sample i on the axis of level variable h. Rank feature value for the sample i can be computed using Eq. (15) as follows:
The rank feature of row vector i, H i can be considered as fuzzy pattern air quality index for sample i. This rank value can be determined for standard concentration which will give evaluation level that will give a basis comparison with sample. This can determine air quality of a particular region.
The rank matrix for the above standard membership degree matrix (Us) is represented by matrix H s as follows:
Thus, the scale for fuzzy air quality index (FAQI) for the evaluation of sample is represented in Table 4 .
DETERMINATION OF RELATIVE WEIGHTS OF AIR POLLUTANT PARAMETERS
Analytical Hierarchical Process (AHP) is an approach to decision making that involves structuring multiple choice criteria onto a hierarchy, assessing the relative importance of these criteria. The foundation of the Analytic Hierarchy Process (AHP) is a set of axioms that carefully delimits the scope of the problem environment (Satty, 1986) . It is based on the well-defined mathematical structure of consistent matrices and their associated right eigenvector's ability to generate true or approximate weights (Satty, 1980 (Satty, , 1994 . The AHP methodology compares criteria, or alternatives with respect to a criterion, in a natural, pair wise mode. To do so, the AHP uses a fundamental scale of absolute numbers that have been proven in practice and validated by physical and decision problem experiments. The fundamental scale has been shown to be a scale that captures individual preferences with respect to quantitative and qualitative attributes just as well or better than other scales (Satty, 1980 (Satty, , 1994 . It converts individual preferences into ratio scale weights that can be combined into a linear additive weight w(a) for each alternative a. The resultant w(a) can be used to compare and rank the alternatives, and hence assist the decision maker in making a choice. Given that the three basic steps are reasonable descriptors of how an individual comes naturally to resolve a multi-criteria decision problem, then the AHP can be considered to be both a descriptive and prescriptive model of decision making. The AHP is perhaps the most widely used decision making approach in the world today. Its validity is based on the many hundreds (now thousands) of actual applications in which the AHP results were accepted and used by the cognizant decision makers (DMs) (Satty, 1994) . Each pollutant parameter is of different importance in relation to health impact and hence different weights are attributed to different pollutant parameters. The most significant factor has a higher weight and vice-versa. The pollutant's weights are determined using analytical hierarchical process (AHP). The detailed methodology of this is explained below.
The weights of individual pollutants can be found out using Analytical Hierarchy Process (AHP). AHP is a systematic method for comparing a list of objectives or alternatives. This method form a pair-wise comparison matrix 'A' as shown below, where the number in the i th row and j th column gives the relative importance of individual air pollutant Pi as compared with Pj The comparison matrix generated by author's expertise using Saaty's scale (Satty's, 1980 ) is shown below in matrix A. The relative weights can be improved by taking the experts views. 
The sum of each column and then divide each column by the corresponding sum are computed to obtain the normalize weights, the normalized matrix N, thus obtained is represented in matrix N as given below. 
The relative weight vector W for the pollutants is given by the average of the row elements in matrix N as 
Thus, the sum of the weights of the pollutants obtained as 
APPLICATION OF THIS MODEL FOR AIR QUALITY ASSESSMENT IN HOWRAH CITY
Air pollution concentrations of a continuous monitoring station in Howrah city were assessed using the developed model. Air pollution concentration of the five pollutant parameters for three consecutive years (2009, 2010, and 2011) were represented in the factor value matrix X1, X2, and X3, respectively as: 
By using Eq. (2), the above matrices were converted into the following membership degree matrixes R1, R2, and 
By using Eq. (10) and p = 2, the membership degree matrices U1, U2 and U3 of the samples for consecutive three years respectively are obtained as follows: 
By using Eq. (14), the rank matrices, H1, H2, andH3 for the three years are determined from the above membership degree matrices, U1, U2 and U3 respectively as 
The detailed rank values of the above matrices are represented in Figs. 3(a) -3(c) respectively for H1, H2, and H3.
RESULTS AND DISCUSSION
The fuzzy air quality index values in fuzzy pattern recognition method reflected by the relative membership degree of the pollution concentration data. The membership degree of each air pollution parameters ranged from 0 to 1, that is, zero air pollution concentration to severe air pollution condition. Since our objective is to determine the single index value by aggregating the multi-pollutant parameters. The developed fuzzy pattern recognition model has been used for aggregating the five pollutant parameters (PM 10 , CO, SO 2 , NO 2 and O 3 ).
The model results can be used for index calculation for standard concentration which will give evaluation level that will give a basis for comparison with the observed concentration. The standard class interval for the fuzzy air quality index (FAQI) ranged from 1 to 7 as represented in Table 4 . Higher index value represents high pollution level and higher impacts on health and vice-versa. The range of the fuzzy air quality index has been classified into 6 classes (1-2, 2-3, 3-4, 4-5, 5-6, and 6-7) with equal interval. The six classes are designated as Clean air, Unhealthy for sensitive people, Unhealthy, Very unhealthy, and Hazardous respectively as shown in Table 4 . The fuzzy air quality index also determined for maximum limit concentration (NAAQS) of the five pollutant parameters for assessing the health impacts. The standard values of the five pollutant parameters are represented in the Figs. 2(a)-2(e) . The fuzzy air quality index value for the NAAQS was found to be 2. The same model now used for determination of fuzzy air quality index for observed daily average concentrations as shown in the graph 2(a)-2(e).The daily average observed concentration for three years (2009, 2010, and 2011) are also represented in matrices X1, X2, and X3 respectively. The corresponding air quality indices are represented in matrices H1, H2, and H3 respectively. The index values for the three years are also represented graphically in Figs. 4(a)-4(c). Figs. 4(a)-4(c) clearly reveals that the air quality index values lies mostly in two classes (Clean air and unhealthy for sensitive people) except few occasions in each of the observed years. All three graphs, also clearly indicates that the air quality level was poor during winter months (November to February). This is due to the fact that the pollution concentration level was high during winter months as already explained in the first section. Since the permissible values of fuzzy air quality index (as calculated for NAAQS) is 2, more than this can be harmful to people, if exposed. Figs. 4(a) -(c) clearly indicates that the observed fuzzy air quality indices are exceeded during winter months whereas the same are within the permissible limit during summer and monsoon months. Fig. 4(d) represents the comparative values of fuzzy air quality index for three observed years and the figure clearly says that the trend of air quality index is more or less same. Though, the concentration of few pollutants has been increased during the observed years, it does not have much influence in the overall air quality index. This is because the variations of the pollution concentration were not following the uniform trend.
CONCLUSIONS
The air quality assessment of Howrah city has been demonstrated with the air pollution data (PM 10 , CO, SO 2 , NO 2 and O 3 ) for three consecutive years (2009, 2010 and 2011) . The decreasing trend was observed in annual average concentration of PM 10 and CO during 2009 to 2011. But the reverse trend was observed for SO 2 and NO 2 . There was no uniform trend for ozone concentration.
As indicated above, five pollutants were used as a summary indicator of air quality, given its importance as a health determinant. For assessing the health impact of multi-pollutants parameters using a single index, fuzzy logic approach used for air quality assessment. In this study, an approach is developed to determine fuzzy air quality in monitoring location based on the air pollution concentration levels. This study will help individuals as well as decision makers and air quality manager to make decisions or estimate the health impact in a particular city condition. Depending on the risk level (fuzzy air quality index), air quality manager can take preventive actions for reducing the level of index.
The permissible value of fuzzy air quality index (FAQI) for residential areas is 2. It was observed that FAQI values are above 2 (permissible limit for residential areas) in most of the day during winter seasons (mid of October to February)in each of the observed year. FAQI values were found to be within the permissible limits in most of the day of remaining months (March to mid of October) in each of the observed year. This indicates higher degree of air pollution related health problem (like Asthma) occurs during winter months.
